Abstract-This paper addresses the implementation of image processing and computer vision techniques to automate tracer flow extraction in images obtained by the photochromic dye technique. This task is important in modeled arterial blood flow studies. Currently, it is performed via manual application of Bspline curve fitting. However, this is a tedious and error-prone procedure and its results are nonreproducible. In the proposed approach, active contours, snakes, are employed in a new curvefitting method for tracer flow extraction in photochromic images. An algorithm implementing snakes is introduced to automate extraction. Utilizing correlation matching, the algorithm quickly locates and localizes all flow traces in the images. The feasibility of the method for tracer flow extraction is demonstrated. Moreover, results regarding the automation algorithm are presented showing its accuracy and effectiveness. The proposed approach for tracer flow extraction has potential for real-system application.
I. INTRODUCTION
A RTERIAL blood flow analysis is an important field of study, which is dependent on the analysis of fluid flow as a continuum. Specifically, research focuses on the pulsatile flow characteristics of blood in various arterial models. Studies have been conducted on normal flow, constricted flow due to atherogenesis (arterial hardening), and on blood flow in the presence of bypass grafts [1] , [2] .
To this end, the photochromic tracer technique has been developed on the principle of placing markers or tracers resulting from the reaction of a laser and a photochromic dye, at given points along a flow tube. Specifically, a glass tube is used to model an artery and the photochromic dye is made to flow through the tube with pulsatile motion so as to mimic the flow of blood. Flow traces are then obtained by using laser beams to react with the dye at spaced intervals. In this way, the flow traces capture the state of the flow along the tube. Thus, they can be thought of as samples of the flow within the tube at a certain point in time. The traces are then used to study the flow behavior under different modeled scenarios, such as constricted arteries and bypass grafts.
Extensive research has been done with this method and has led to a better understanding of arterial flow behavior. Recently, investigations have concentrated on the refinement of the method and on the analysis of obtained data [5] - [7] . Comprehensive analysis of fluid flow has been done from digitized photographic images obtained via the photochromic technique. Flow traces are extracted from the images and used to calculate flow parameters, such as shear stress near the modeled arterial wall.
Obviously, accurate extraction of the shape and location of the flow traces is essential for proper analysis of fluid flow. This extraction has, up to now, been a long and tedious manual process. Each individual flow trace in every digitized image is extracted via manual application of B-spline curve-fitting [9] .
This conceptually simple procedure would prove to be acceptable if there were only a few traces. However, a large number of images, obtained under varying conditions, need to be analyzed. In addition, each image requires the extraction of many flow traces. Ultimately, the process is time consuming and subject to error since any human operator suffers from inevitable lack of attention when presented with a large amount of data. Furthermore, the results obtained are nonreproducible; manual extraction of flow traces is rather subjective, relying on the user's perception of a flow trace, which does not lead to an objective criterion for the latter's extraction.
Motivated by the deficient methodology of tracer flow extraction in present systems, the objective of this paper is to develop a new, automated approach for processing photochromic images, which will aid in fluid flow analysis. The proposed method makes use of techniques available in the image processing and computer vision fields. The method exploits information available in the captured images and automates the accurate extraction of flow traces with minimal user intervention.
The major tool employed in this work is active contours or snakes (a term which denotes the way they slither while they conform); they are a relatively new computer vision technique introduced by Kass, Witkin, and Terzopoulos [10] , [11] . Through appropriate modeling they facilitate detection of various features in an image (e.g., lines, contours, etc.). Snakes have been applied in a number of fields. For example, they have been used in the detection of the earth's auroral oval from satellite images [12] , have been applied to ultrasound images of the heart to aid in feature extraction [13] and to magnetic resonance images of the brain to aid in mapping the outer cortex [14] . In this work snakes were employed due to their suitability for the problem at hand. Indeed, the desired solution is a curve that fits the flow trace and this is exactly what active contours offer. Such a contour is initialized as a curve and through appropriate adjustment conforms to the desired features [14] . Moreover, the characteristics of the curve itself (e.g., smoothness, curvature, etc.) as well as conformity to image features can be directly controlled. Finally, the optimality criterion of the snake solution (energy minimization) has a direct and intuitive relationship to the characteristics of flow traces, thus, enabling accurate localization of the latter.
The organization of the paper is as follows: Section II discusses the present manual method for flow trace extraction, its associated drawbacks, and what our new method will aim to solve. In Section III we discuss active contours; we will see that active contours do not solve the entire problem of finding a desired contour but work together with higher-level processes to complete the task. Specifically, higher-level processes place a snake close to a desired contour and then, by virtue of its energy minimization, the snake locks onto and conforms to the nearest salient contour. This behavior is highly dependent on the energy functional chosen. In Section IV, we propose an energy functional based on image gradient direction, which will allow snakes to give accurate flow trace localization. Section V presents the building blocks which are integrated in Section VI into an automation algorithm to extract flow traces, requiring minimal user intervention. This algorithm makes use of the special fact that the captured images have a general structure defined by the modeled artery and that neighboring flow traces tend to have similar shape. Experimental results demonstrating the performance of active contours for flow trace extraction as well as of the automated algorithm are presented in Section VII. Finally, Section VIII concludes our work.
II. PROBLEM DEFINITION
A detailed description of the experimental apparatus used in modeled arterial blood flow studies can be found in [5] . It suffices for our purposes to mention that the images are captured on 35-mm Kodak film and, since the analysis is to be done by computer, the photographic frames are digitized with a Nikon film scanner to 8-bit greyscale images with a resolution of 4096 1024 pixels (however, only a region of about 1000 300 pixels contains the area of interest), which results in a pixel edge size of approximately 0.034-mm (each pixel is a square tile). Next, the images are visualized on a workstation and an iterative procedure is used to obtain the trace coordinates; based on the computed traces, flow parameters are then calculated [6] , [7] . Fig. 1 depicts the 1000 300 area of interest of a typical image, containing a number of flow traces. For each individual flow trace, the coordinates sought are the minima in each scan line (horizontal greylevel profile) of a small image area containing the trace. This is because the minima characterize accurately and unambiguously the trace, whereas, the surrounding area is due to diffusion of the laser beam. Three such greylevel profiles of a flow trace (the one which is pointed at by the arrow in Fig. 1 ) are illustrated in Fig. 2 . Fig. 2 Presently, the iterative manual extraction method uses the visualized images and follows these steps.
1) User zooms into area containing a desired flow trace in the vicinity of the wall. 2) User places control points along the viewed flow trace. 3) A B-spline is recursively applied using these control points to determine a best-fit curve. 4) B-spline result is qualitatively judged and more control points may be adjusted or added to correct the shape of the curve to provide a better fit. 5) Steps 3)-5) are repeated until fit curve is deemed acceptable. 6) Steps 1)-5) are repeated until all flow traces have been extracted. Upon investigation, one can easily see that there are major drawbacks associated with this method and our method should address each one. Specifically: 1) Best-fit criterion is rather subjective and is based on the user's perception of a flow trace, which cannot lead to an objective and consistent criterion for trace extraction. Specifically, we want a user-independent algorithm which localizes to the "valley pattern" of the flow trace, since this is what a user judges as a bestfit and manually aims to extract. This is particularly appealing since the flow traces exhibit an intensity minimum at the valley pattern.
2) The method is computationally expensive since Bsplines are recursive procedures. Also, to get a better representation or fit with B-splines, the number of control points has to increase and along with this the order of the B-spline polynomial function increases. Thus, a curve extraction method must be employed which is not computationally intensive and at the same time can provide valid results for a wide range of flow traces ranging from low to high curvature. 3) The method is highly dependent on user intervention.
This would prove to be acceptable for a small number of analyzes; however, this method is being implemented for many images and, consequently, hundreds of flow traces are considered, each of which requires manual extraction. This is much too tedious, error-prone, and time consuming. Thus, an algorithm which reduces user interaction to a minimum would be of great benefit. This would allow a large amount of flow trace data to be easily collected in a small fraction of the time it would take a human and, in addition, would reduce any error which would inevitably arise through lack of attention.
III. ACTIVE CONTOURS
For an excellent treatment of active contours the reader is referred to [10] and [11] , as well as some recent papers, e.g., [12] and [14] . Here, we will provide some basic notions only, for the self completeness of the paper.
A snake can be thought of as an abstract elastic curve [12] that, via minimization of an energy functional, deforms and adjusts its natural shape to match a specific contour, providing a continuous boundary. The energy functional being minimized is a function of forces which are both internal and external to the snake. Internal forces are responsible for snake response, whereas, external forces come from the image or higher-level processes and are responsible for the deformation and for moving a snake toward salient features.
To get a better grasp of this concept, we can think of an image as a spatially varying potential field where, for example, bright areas represent high potential and dark areas low potential. A snake placed in such a potential field will experience forces externally and will be pulled toward the lower potential (i.e., the dark areas), where its energy will be at a local minimum.
It is important to stress the fact that the snake reaches equilibrium at a local minimum. The snake's function is to lock onto nearby contours in the image region where it is placed. It is the job of higher-level processes to determine the initial placement of the snake within the image and to judge whether the equilibrium state provides conformity to a valid contour. If it is invalid, then external forces are applied to the snake to push it out of the present equilibrium and into one that provides a better solution.
The energy functional of a snake is expressed as the sum of the internal and external energies (1) The minimization of this functional characterizes snake behavior. It governs how the snake adapts and what features it conforms or locks onto.
A. Internal Energy
The internal energy term, , controls the properties of the snake and it is expressed by [10] ( 2) where " " denotes differentiation with respect to and is a parameterization of the snake . controls the elasticity, i.e., as is increased, the snake resists stretching.
controls the rigidity of the snake, i.e., as increases, the snake resists bending. Thus, the sensitivity of the snake to various contours is dependent on these two parameters.
B. External Energy
The external energy, , is responsible for moving the snake toward salient features. Since these features can only be defined with respect to a particular problem, general external energy functionals can not be easily specified. In the following we present some existing general energy functionals that will aid in the definition of the external energy term we will be implementing. First, we consider a functional which localizes to dark lines since the flow traces are ultimately dark lines with an intensity minimum at their center. Then, we consider a functional which localizes to strong edges, since the flow traces exhibit strong edges. We discuss the results obtained by using these functionals and in Section IV we show how certain desirable properties which they exhibit lead us to our proposed energy functional. A simple external energy functional that attracts a snake to dark lines would be image intensity (3) where is a weight factor whose sign determines whether the snake is attracted to dark or light lines. For the case of a positive , the snake is attracted to local minima of , which correspond to local minima of intensity, i.e., dark lines. It would be tempting to implement this functional for our purposes, since (3) would localize the profile-minima of the flow trace. However, performance is only partly satisfactory, which is due to the adjacency of the snake to the tube wall; the latter exhibits a strong minimum and, moreover, introduces a dark haze with notable results on the image function [see, Fig. 2(a) ]. Fig. 3(a) shows the initial manual placement of a snake near a desired trace, and Fig. 3(b) depicts the snake solution resulting from (3). It can be seen that snake behavior is very good for the portions of the flow traces away from the top wall. The applied snake quickly and accurately locks onto the trace and reaches its local energy minimum at the trace profile-minima. Near the top wall, however, the snake is attracted to the much lower energy level near the wall. Thus, it begins to move toward the wall to minimize its energy functional and, consequently, misclassify the portions of the flow traces near this region.
Alternatively, if edges are of interest, , would be defined as (4) where, is the gradient of the image. The weight in this case is negative so that local minima of correspond to maxima of the gradient, i.e., strong edges. Implementation of this functional for flow trace extraction also does not give satisfactory performance as Fig. 4 can attest. Away from the wall, the edge of the flow trace is tracked by the snake. However, the fact that it is the edge of the trace that is localized and not the point of minimum intensity, provides a basis for uncertainty. Near a wall region which contains haze, the snake attempts to localize the strong edges which the haze creates. Thus, localization of the true flow behavior is not achieved completely. Although, as shown above (4), i.e., gradient of the image function is, by itself, not very useful for tracer flow localization, it can ultimately aid in this task by taking the gradient of appropriate functionals instead of the image intensity function. This is considered in the next section where such a functional is introduced and studied.
IV. PROPOSED ENERGY FUNCTIONAL
Evidently, the external energy functional is of fundamental importance to snake behavior. Proper selection of provides a set of forces which will attract a snake to a desired contour or feature. For the photochromic tracer flow images at hand, certain image properties must be considered to determine a viable functional. 1) Flow traces are dark lines against a lighter contrasting background, which have an intensity minimum at their center. It is exactly this minimum which we ultimately want to localize to give the best flow trace representation. 2) Modeled arterial wall tends to be of lower intensity than that of the flow trace and can greatly affect an energy functional based strictly on image intensity. 3) Some parts of the wall contain bleeding which introduces a dark haze. This haze is of a lower intensity than the flow traces and exhibits high edge activity. By evaluating the snake behavior under the aforementioned energy functionals, it becomes quite clear that an excellent functional would be one that has the advantages of both the image intensity and the image gradient. Specifically, we want an energy functional which localizes the profile-minima of the flow traces and, at the same time, is not pulled toward the arterial wall and haze which are low intensity regions with a lot of edge activity.
To this end, we propose an energy functional using the concept of image gradient direction [15] (also known as the gradient angle), which is expressed as (5) where is the gradient direction in the range , and and are row and column image gradients computed using 3 3 Prewitt row and column operators [8] , [9] . This functional makes use of the fact that edges and lines in an image are smooth and tend to have relatively low curvature. This means that the gradient direction difference between neighboring points along a given flow trace should be fairly small. This is especially true for flow traces or segments of flow traces which are relatively straight. By exploiting (5), the snake behavior near the modeled arterial wall can be effectively controlled, forcing it to smooth continuity with the curve away from the wall. It is important to note that the image gradient is perpendicular to the actual edge of a given boundary. Fig. 5 shows an actual flow trace gradient direction image, where is mapped to an intensity image , with ; the smoothness of the flow traces is clearly evident in this figure. Furthermore, differentiation between the hazy wall region and the flow trace representation is highly improved and more detailed information on the behavior of the traces in this vicinity can be seen. This can be attributed to the fact that any curve near the wall area would have a gradient direction which differs from the haze and the wall, allowing it to be classified as part of a flow trace.
Another important result from using the gradient direction comes from the fact that lines, such as flow traces, have two edges: one on either side. This results in opposing gradient directions, which, as can be seen from Fig. 5 , form two regions of constant intensity depicting the flow trace. It is the border between these two regions which is of interest. This border, or edge, essentially represents the minimum of the profile of the flow trace and is the edge which a snake should ultimately localize. This edge can be effectively localized by taking the gradient (4) of the image gradient direction (5). In addition, since image gradient direction produces strong random edges in the background region where some noise is present, we can improve flow trace localization by including image intensity. Thus, the proposed energy functional is composed of two terms and can be expressed as (6) where and are weights applied to each term and " " represents gradient direction. Although minimization of the above defined does not necessarily imply a minimum for either of the two terms (intensity, gradient direction), it results, however, in very small values for both of them. Thus, the snakes are programmed to lock onto a feature which exhibits a strong edge in and, at the same time, has a low-intensity . It should be easy to see that this corresponds to the profileminimum of the trace, since this region, as explained above, corresponds to a border between two constant intensity regions in and to the lowest intensity area of the trace. By changing the applied weights and the snake can be biased toward either criterion.
V. AUTOMATED FLOW TRACE EXTRACTION
Having established the definition of the snakes through the (internal and external) energy functionals, we investigate a means to alleviate user dependency as much as possible [16] . Evidently, it is not the behavior of snakes that is dependent on a user, but their initial state. This section presents a method to localize all the flow traces in a given image by automatically finding a good initial location and shape for each snake. We start by noting that the resulting images obtained from the photochromic technique, all tend to have certain common properties.
1) Walls provide boundaries:
The flow traces are restricted to an area well defined by a top and bottom wall. No flow traces exist outside of this region.
2) First flow trace exhibits a generally vertical nature:
which extends from the top wall to the bottom wall. This property is clearly seen in a typical flow trace image (see Fig. 1 ), where the flow trace at the far left end of the image is nearly a vertical line. Also, it is noted that the flow traces become progressively more complex in shape from left to right.
3) Fluid flow in the tube is a continuum:
The flow traces can be thought of as spatial samples of the flow field at specified distances. Thus, the shapes of the flow traces are interrelated, to the extent that the shape of one trace is similar to the one following it and to the one preceding it. These three properties provide important information. The following building blocks show how this information is utilized to provide a basis for automation.
A. User Input
The level of user involvement in the proposed automation process can vary. For our purposes it was kept to a minimum by requiring the user to supply the following:
• two points along the top and bottom wall;
• horizontal position of the first trace.
It is important to know where the defined walls exist in relation to the flow traces. Any snake that may wander outside the wall boundary is cut. Also, location of the walls is important for locating the first trace at the left end of the image.
A fully automatic process has not been employed here for the sake of reliability and robustness of the approach. Indeed, elimination of user intervention and simultaneous substitution with image processing techniques, (e.g., boundary detection) would not be error free. Moreover, any errors introduced at this level would propagate to the later stages resulting in notable reduction of performance. Nonetheless, the proposed user intervention is minimal and performed only at the highest level.
B. First Snake
By observing a typical flow trace image (Fig. 1) , it can be seen that the flow traces exhibit increasingly more complex shapes as they progress from left to right. The first flow trace at the left end of the tube is generally a vertical line, whereas, the trace at the right end exhibits high curvature.
As a result of this observation, we can use the given position of the first flow trace as an initial snake position and a vertical line between the top and bottom walls as the initial shape. This provides a very good approximation to the actual trace shape and location. As a result, solution of this snake will give a quick and accurate localization of the first trace which will be used as a seed for subsequent flow localization.
C. Snake Shape
The automation process exploits the fact that the shape of each flow trace is similar to that of its neighbors, as explained above in Property 3. This means that it is possible to use the shape of the current localized flow trace as the initial shape for a new snake to be applied to the neighboring trace. Provided that this new snake is placed close to the new trace, accurate and quick flow localization should result since the desired solution is not far from the initial approximation.
D. Snake Location
Once the shape of the new snake has been determined, it is of utmost importance to place it as close as possible to the neighboring trace to increase probability of a valid solution. To this end, the concept of correlation matching is employed.
Essentially, the current localized flow trace has certain statistical image information associated with it. We can use the shape of the trace as a template to find other locations with similar image information. Fig. 6 shows a typical localized flow trace and its associated template.
To facilitate effective search for the subsequent trace, the template has the same general shape as the resulting snake; however, it has a distinct width. This allows the template to capture as much of the underlying image information as is necessary to use for accurate matching. For instance, if the template was very thin, e.g., one pixel, then there would be a number of locations in the image which exhibit similar statistical characteristics. On the other hand, if a wider template is used, there would only be a few locations which would contain very similar statistical characteristics and a more accurate estimate could be made as to where a valid match exists. In our implementation, we define each new template to have a ribbon-like shape following the contour of the current snake. Specifically, the template is symmetric about the current snake with a width of ten pixels on either side, resulting in a total width of 21 pixels. This width value has been experimentally obtained; it should be noted, however, that its value is not critical for the overall performance. Experimentation with different flow traces has revealed that the results actually remain unaffected for width values in a large range around the adopted value. A typical template constructed with the above defined procedure is illustrated in Fig. 6 .
The process of matching statistical characteristics is straightforward. It employs matching of the current template with candidate image areas. The template obtained from a correctly localized flow trace is shifted a certain distance, from left to right, across the flow trace image. Along that path, the correlation coefficient between the new location, (i.e., a possible location of a neighboring trace), and the starting location, (i.e., the currently localized flow trace), is calculated by [17] (7) where is the correlation coefficient at the new location is the covariance of the snake starting location and the new template location , and are the corresponding variances. and are computed as
where denotes the mean value of the pixel values within the template, when the latter is at position and denotes the mean value of the pixel-wise product values of the pixels from the two locations, and . At each position, acts as a measure of similarity. A value of close to zero implies total dissimilarity between the image information at the two locations, while a value of close to one implies similarity. Thus, over a specified distance, the calculated values of will exhibit peaks where the similarity is at its highest. Specifically, if the distance over which the template is shifted is known to contain the neighboring flow trace, the best location to place the new snake would be at the first peak of . Fig. 7 shows a graph of for Fig. 6 over a distance of 130 pixels. This shift distance happens to contain three flow traces, as can be seen by the three distinct peak regions. Based on correlation properties, the best placement for the neighboring trace would be at the first peak, i.e., a shift distance of 42 pixels. In Fig. 7 we calculated the correlation over a distance of 130 pixels so as to demonstrate the resulting correlation peaks which occur. It was found that the placements to detect neighboring traces ranged from 38 to 46 pixels; thus, a more efficient implementation would operate over a shorter distance.
A safe value for such a distance, in the sense that the sought trace is never missed, was found to be 60 pixels. Again, the location of the first peak of detected within this distance, is deemed the best placement for the next trace.
VI. AUTOMATION ALGORITHM
Now that the essential building blocks have been presented they can be integrated into an algorithm. The proposed algorithm is composed of the following steps:
Step i) User defines top and bottom wall and horizontal location of left-most trace.
Step ii) Left-most flow trace is localized by initializing a vertical snake between the top and bottom walls at the specified horizontal location.
Step iii) The current correctly localized snake is used to construct a template to find the location of the neighboring flow trace, where the correlation coefficient is at a maximum.
Step iv) Once the new location is found, a new snake is initialized there with the shape of the previously localized flow trace and is allowed to reach its energy minimum.
Step v) If all of the flow traces have been found, the algorithm ends, otherwise Steps iii)-iv) are repeated. In the heart of the above algorithm lies the snake localization procedure, which is controlled by (1) . By plugging (2) and (6) into (1) we obtain (9) The implementation of (9) requires that the four parameters involved, and are given specific values. This is discussed in the next section; as already mentioned, these values reflect the relative importance of the corresponding terms in the solution sought.
VII. EXPERIMENTAL RESULTS
The proposed methodology for automating flow trace extraction in images obtained by the photochromic dye technique has been experimentally assessed using real image data. Since there is no generally agreed and, ideally, optimal method for flow trace extraction, a golden standard against which all results could be compared is missing. The lack of such a standard for flow traces in the image data affected the evaluation procedure that was followed; more precisely, since a quantitative procedure was not possible, a qualitative procedure was adopted. According to this, the algorithm was applied to a number of images and the results obtained were visually evaluated by a trained user. The user reported "good," "mediocre," or "bad" for each flow trace estimated by the algorithm.
Two photochromic images containing 44 flow traces were first used as training data. Using these traces and the procedure outlined above, the algorithm was applied iteratively, adjusting its parameters in each iteration appropriately. This has been repeated until the user reported "good" for all 44 flow traces. This training has resulted in the following parameter values: and . Additionally, these values were experimentally verified as not being very crucial, since snake performance was practically unaffected for small variations in the parameters' values. We found that the ranges of , and , provided almost identical snake results. For the actual minimization of (9) the method originally proposed by Kass et al. [10] was employed; it uses calculus of variations to find the Euler equations representing its equilibrium force balance condition.
Subsequently, five photochromic images, containing 110 flow traces, were used as a test set and the algorithm was applied to each image using the estimated parameter values. In all, but four cases out of the 110, the flow traces estimated were marked "good;" the remaining four cases were marked "mediocre." This result provides an excellent indication of the effectiveness of snakes for this particular problem as well as the adequacy of the proposed external energy functional [cf. (6) ]. After closer examination of the four "mediocre" cases, it was revealed that they could not be attributed to the correlation matching technique, since the latter was found to initialize the snake close to the desired solution in all cases. Rather, they were due to segments of the initial snake shape which had been further from the desired solution than others. As these segments were pulled toward that desired solution, they may have come across a local minimum that seemed to fit the sought description. For example, a snake segment may have fallen upon an image location that exhibited an exceptionally low intensity minimum. Even though the gradient direction in this region may not have exhibited a strong edge, the exceptionally strong force exerted by the intensity minimum may have been enough to pull the snake toward it and cause mistracking. However, such slight mistracking can easily be corrected by a higher-level process (i.e., a human) by checking the final solution to make sure the resulting snake solutions are valid. Therefore, any erroneous snakes can be pushed out of the invalid solution (using an appropriate interface) and closer to a correct one. The results presented above, although of qualitative nature, are quite prominent since they imply that the algorithm developed can be employed in practice in modeled arterial blood flow studies. Its main usefulness stems from the fact that it can perform a routine and cumbersome task repeatedly, without the error which would inevitably result from a manual method due to lack of attention.
For demonstration purposes, sample results from our experiments are shown next. First, some results referring to individual flow traces are given which establish the validity and accuracy of snakes. Then, complete results are provided that are computed from the automation algorithm; they serve as vigorous evidence of the algorithm's performance. Fig. 8 demonstrates a typical result of a manually placed snake to a typical flow trace image. Fig. 8(a) depicts the initial placement close to the desired flow trace and Fig. 8(b) shows the final snake solution.
A. Illustrative Results
Clearly, the snake localizes accurately to the desired flow traces. The snake localization is smooth and continuous along the entire flow trace, even at portions of the flow trace with low contrast. For example, we see that the bottom portions of the flow traces, as compared to the top, tend to fade and are more difficult to differentiate from the background. Using the manual B-Spline method, such a region would be difficult to localize and a lot of user interaction would be required. With snakes, however, this is eliminated since the snake uses an objective criterion [i.e., (9) ] to find the trace.
Furthermore, localization of flow trace segments near the wall region is quite accurate. Fig. 9 shows an enlarged view of the wall region of the flow trace in Fig. 8 , clearly depicting the accurate result obtained using the snake method. Differentiation between flow trace and haze exists with much better results than those obtained by using the image intensity and image gradient energy functionals (Figs. 3 and 4, respectively) . Fig. 10 shows a comparison of typical results obtained with the snake method to those obtained using the present manual B-spline method. As can be seen, the snake representation agrees closely with the B-spline method. The average distance between the two results was found to be 0.636 pixels with a standard deviation of 0.685. This is highly advantageous since it demonstrates that the algorithm is capable of performing this task equally as well as a human.
Furthermore, our snake method uses more points to represent the flow trace than the manual B-Spline method. This is an advantage since we can obtain a better overall representation along the entire trace without the burden for the human operator and the computational cost which result when increasing the number of control points in the B-Spline method. This characteristic, besides being extremely desirable for visualization purposes, may have a positive impact in the computation of flow parameters (e.g., wall shear stress and velocity profile).
A comparison of calculated wall shear stress, 1 using typical snake results and manual B-Spline results for a wide variety of flow traces, concluded that the snake result is valid. It was found that the error between the results from the two methods ranges from 0.002 dyn/cm to 0.123 dyn/cm . According to [6] , computation of wall shear stress using the manual BSpline method is performed with an accuracy of 0.5 dyn/cm in the best case (i.e., trained expert, good quality images, and no lack of attention). Thus, the snake method can be considered at least as good as the manual method since there is no evidence that the methods disagree.
Furthermore, snakes have a relatively short computation time of only a few seconds, whereas, the extraction time of the B-Spline method can vary significantly and can take up to a few minutes per flow trace. This is due to the fact that the actual B-spline algorithm is computationally expensive and becomes more so as control points are added. Second, the time a user spends on judging the validity of the solution can vary drastically.
B. Photochromic Image Results
The results obtained from applying the automated algorithm to a typical photochromic image can be seen in Fig. 11 . As can be verified, the performance of the algorithm is quite good. The individual flow traces are correctly located using the correlation matching technique. Also, by using the shape of their preceding neighbor, flow traces are correctly initialized and the snake solution provides an accurate localization, even at the wall regions.
The automated flow trace extraction algorithm was tested on an Intel-based DX2/66 machine and was found to complete in a relatively short time interval. Specifically, for typical images with 22 flow traces present, the algorithm required an average of 3 min, 10 s; employment of faster, state-of-the-art PC hardware can further drastically decrease execution time. This is extremely favorable over the manual B-spline method, which can take up to a few minutes for one flow trace. The greatest advantage, however, gained is that the user does not have to perform the tedious task manually, which is probably the greatest drawback of the present B-spline method.
VIII. CONCLUSIONS
It was found that implementation of active contours, snakes, using the proposed energy functional which, in addition to image intensity, employs image gradient direction, is an accurate, automated alternative to the present B-spline method of curve fitting for flow trace extraction. Qualitatively, the snakes conformed to the flow traces smoothly and very precisely. Performance near the hazy wall regions was also very good, providing correct differentiation between flow traces and haze. Furthermore, calculated values of wall shear stress from resulting snake solutions provided results which matched those obtained with the manual B-Spline method. In addition, computation time was found to be relatively short, (i.e., an average time of 11 min, 8 s). This is quite favorable over the present method which can take up to a few minutes.
The proposed automated flow trace extraction algorithm which implements active contours also performed quite well. By using the shape of localized flow traces and correlation matching, the algorithm was able to correctly locate each flow trace and provide a good snake initialization. The resulting snake solutions provided correct localizations of the flow traces with a computation time which is extremely favorable over the manual B-Spline method. The results presented affirm that a real-time system implementation based on the proposed techniques is a viable and feasible solution.
